Using the English Wikipedia network of more than 5 million articles we analyze interactions and interlinks between the 34 largest pharmaceutical companies, 195 world countries, 47 rare renal diseases and 37 types of cancer. The recently developed algorithm using a reduced Google matrix (REGOMAX) allows us to take account both of direct Markov transitions between these articles and also of indirect transitions generated by the pathways between them via the global Wikipedia network. This approach therefore provides a compact description of interactions between these articles that allows us to determine the friendship networks between them, as well as the PageRank sensitivity of countries to pharmaceutical companies and rare renal diseases. We also show that the top pharmaceutical companies in terms of their Wikipedia PageRank are not those with the highest market capitalization.
Introduction

1
The improvement of human health and the treatment of various diseases is a vital task 2 for human society [1] . The creation of efficient medications and drugs is now mainly 3 controlled by large biotechnology and pharmaceutical companies. The world's 34 largest
Methods
68
Google matrix construction 69 A detailed description of the construction of the Google matrix and its properties can 70 be found in [9, 10] . Here, we therefore provide only a brief description in order to assist 71 readers.
72
Let us consider a network of N nodes described by the adjacency matrix A the 73 elements of which are either A ij = 1 if node j points to node i, or A ij = 0 otherwise.
74
The elements of the Google matrix G have the standard form 75 G ij = αS ij + (1 − α)/N [8-10], where the matrix S describes Markov transitions from 76 node to node. For a random surfer, the matrix element S ij gives the probability of 77 transition from node j to node i according to the directed network structure. The 78 elements of matrix S are either S ij = A ij /k out (j) if the out-degree of node j,
A ij , is non zero, or S ij = 1/N if j has no outgoing links (dangling 80 node), i.e., k out (j) = 0. Hence, the random surfer can jump to any node once it reaches 81 a dangling node. Here α is the damping factor (0 < α < 1) and we use its standard 82 value α = 0.85 [9] in the following. It should be noted that for the range 0.5 ≤ α ≤ 0.95, 83 the results are not sensitive to α [9, 10]. At each jump, the random surfer either follows 84 the network structure with a transition probability proportional to α, or randomly 85 chooses any node with a transition probability proportional to 1 − α. The damping 86 factor α prevents the random surfer from being trapped in dangling subnetworks [9] .
87
Starting its journey from node j 0 , after n iterations the random surfer will arrive at 88 node i with the probability p (n) i , which is given by the ith component of the probability 89 vector p (n) = G n p (0) where {p Perron-Frobenius theorem [9] , for any initial vector p (0) , the iteration process converges 91 to a unique vector P , which, within the framework of the Google matrix is called the Google matrix G associated with the eigenvalue 1. The ith component of the PageRank 97 vector P gives the probability of finding the random surfer at node i after its endless 98 journey, or, in practical terms, after a sufficiently high number of iterations in order to 99 ensure the convergence toward the PageRank vector P . We order all the nodes initially 100 labeled by i = 1, . . . , N by decreasing PageRank probability {P j } j=1,...,N introducing
101
PageRank indexes K = 1, . . . , N . A node j is ranked higher than a node i, i.e.
102
K(j) < K(i), if P j > P i . The index K = 1 is then assigned to the node with the highest 103 PageRank probability, the index K = 2 is assigned to the node with the second highest 104 PageRank probability, and so on. The index K = N is assigned to the node with the 105 lowest PageRank probability. The numerical computation of PageRank probabilities is 106 performed efficiently using the PageRank iteration algorithm described in [8, 9] .
107
It is also useful to consider the network obtained by reversing the direction of all characterizes the steady state, P * = G * P * , of the Markovian process described by the 115 matrix G * [28, 29] (see also [10] ). Its components, {P
The PageRank measure of centrality characterizes the influence of a node inside the 121 network since it quantifies how other nodes point toward it. By contrast, the CheiRank 122 measure of centrality characterizes the diffusivity of a node since it quantifies how it 123 points toward the other nodes of the network. To summarize, according to the 124 PageRank algorithm, a node is all the more influential if it is pointed to by influential 125 nodes while, according to the CheiRank algorithm, a node is all the more diffusive if it 126 points to diffusive nodes.
127
Reduced Google matrix
128
The REGOMAX algorithm was proposed in [13] and is described in detail in [14] [15] [16] 18] . 129 Here, we present the main elements of this method using the notation employed in [14] . 130 Let us consider a subset S r of N r nodes of interest from a huge network of N N r 131 nodes. The REGOMAX algorithm efficiently computes a reduced Google matrix G R of 132 size N r × N r that captures the full contributions of direct and indirect pathways 133 between any pair of nodes among the N r nodes of interest. For a random surfer 134 navigating the entire network during an infinite journey, the reduced Google matrix 135 entry G Rij gives the probability of transition from node j to node i (i, j ∈ S r ), while 136 taking into account the probability of a possible direct transition from node j to node i, 137 and also taking account of the indirect transition probabilities for all the indirect 138 pathways from node j to node i via at least one node k not belonging to the nodes of 139 interest subset S r . Mathematically, the reduced Google matrix is unequivocally 140 determined once we assume that the relative PageRank probabilities of the N r nodes 141 obtained from the N r × N r reduced Google matrix G R are the same as those obtained 142 from the global N × N Google matrix G. The reduced Google matrix G R can be 143 decomposed into three matrix components that clearly distinguish between direct and 144 indirect interactions, G R = G rr + G pr + G qr [14] . Here, the G rr matrix component is a 145 N r × N r submatrix of the global N × N Google matrix G corresponding to the direct 146 transition probabilities between the N r nodes of interest. The G pr matrix component is 147 quite similar to the matrix in which each column is equal to the PageRank vector P r ,
148
which is defined as G R P r = P r . As the PageRank vector components {P r i = κP i } i∈Sr 149 obtained from G R are straightforwardly deduced from the PageRank vector components 150 {P i } i∈Sr , with the coefficient κ being a constant for all i, the G pr matrix component pathways passing through multiple nodes of the global network but not belonging to the 156 nodes of interest subset S r (see [13, 14] ). We decompose the G qr = G qrd + G qrnd matrix 157 component into its diagonal part (G qrd ) and its non-diagonal part (G qrnd ). The G qrd 158 diagonal matrix component contains self-interactions of nodes which are not of interest 159 for the present study. The precise formulas used to compute the three matrix 160 components of the reduced Google matrix G R are given in [13, 14] .
161
A useful additional characteristic provided by the G R matrix is the sensitivity of the 162 PageRank probability to the variation of a specific link between a pair of nodes chosen 163 among the N r nodes of interest. The useful results obtained with this method have
Here, P (δ kj ) is the PageRank vector obtained from the reduced Google matrix G R ,
167
where all the elements of jth column are modified as
with the exception of the kth element which is transformed as [16, 17, 19, 20] . For the REGOMAX analysis, we select N c = 195 world 180 countries (see the list and PageRank order in [19, 20] ), the N ph = 34 largest 181 pharmaceutical companies (see Table 1 ), N rd = 47 rare renal diseases (see Table 2 ), and 182 N cr = 37 types of cancer listed in [20] . Thus we consider a total of 183 N r = N c + N ph + N rd + N cr = 313 Wikipedia articles as nodes of interest. All data sets 184 are available at [30] . The present study complies with the Wikimedia terms of use. In Table 2 , the 47 rare renal diseases can be grouped into five categories with which 186 we have associated a color to simplify identification: congenital abnormalities of the 187 kidney and urinary tract (red), glomerular diseases (blue), renal tubular diseases and 188 metabolic diseases (gold), nephrolithiasis (cyan), and ciliopathies and nephronophthisis 189 (green). This reflects the categorization used in [27] . Of the 166 genetic disorders of 190 renal growth and of renal function listed in [27] , only the 47 rare renal diseases cited . Density of articles ranges from very low (purple tiles) to very high (bright yellow tiles). The absence of any article is represented by black tiles. The superimposed white circles give the positions of articles devoted to the 195 countries, the red circles represent the positions of articles devoted to the 230 kinds of infectious diseases studied in [19] , the green circles represent the positions of 37 articles on the cancers studied in [20] , the gold circles mark the positions of 47 articles on rare renal diseases and the purple circles give the positions of 34 articles on pharmaceutical companies. In Table 1 , we give the relative PageRank K r list of 34 pharmaceutical companies. 210 In this table, we also indicate the rank K LM C of these companies in terms of largest Table 3 presents the Spearman rank correlation coefficients ρ between these 214 rankings. As expected, the K LM C and K M C rankings are similar being highly 215 correlated. We observe that the PageRank K r and CheiRank K * r are also highly 216 correlated. Consequently, on average, the influence and the diffusivity of an article on a 217 pharmaceutical company in Wikipedia are correlated. We also observe a fairly high The distribution of the companies on the rank plane (K r , K LM C ) is shown in Fig 2. 224 If the influence in Wikipedia of the pharmaceutical companies were strictly proportional 225 to their wealth, the companies would lie on the diagonal, K r = K LM C . Consequently, Table 3 . Spearman rank correlation coefficients ρ between the K r , K * r , K LM C , and K M C rankings for pharmaceutical companies presented in Table 1 . position and a somewhat worse K LM C . Such companies include GlaxoSmithKline
PageRank vs CheiRank distributions
ρ K r K * r K LM C K M C K r 1.
236
(GSK) with K r = 2 and K LM C = 8 and Bayer with K r = 3 and K LM C = 14.
237
The overlap η(j) between the two ranking lists K r and K LM C (see Table 1 ), as well 238 as between the two ranking lists K r and K M C (see Table 1 Universities [12] , to infectious diseases [19] or to cancer types [20] , are usually 264 distributed around the K r = K * r diagonal. We note that the case of rare renal diseases 265 is different since, with the exception of the top 6 diseases in K r and a few others, the Table 1. renal diseases. Focusing on G R (Fig 5 top left panel) , the first 34 × 34 block diagonal indicates the effective directed links from (to) pharmaceutical companies to (from) rare 293 renal diseases. We clearly see from the G pr component (Fig 5 bottom left panel Table 1 ) and the list of pharmaceutical companies ranked by market capitalization in 2017 (red curve, see third column in Table 1 ) and ranked in terms of the largest market capitalization since 2000 (black curve, see second column in Table 1 ).
rare renal disease have a PageRank index above K ∼ 10 5 . This is also clearly seen in 303 the G pr matrix picture (Fig 5, bottom left panel) . The direct links are visible in the G rr 304 matrix (Fig 5 top right panel) , which provides us with a picture of the adjacency matrix 305 A. We observe that direct links are denser in the block diagonal for pharmaceutical 306 companies than in that for rare renal diseases. In the pharmaceutical companies sector 307 there are many direct links, with almost every Wikipedia article devoted to a 308 pharmaceutical company pointing toward at least one other (with the exception of 309 Alexion, BioMarin and Novo Nordisk). This is due to the very competitive nature of the 310 industry, in which it is routine for companies to acquire drug departments from one 311 another. Still looking at the top right panel of Fig 5, we observe that in the rare renal 312 diseases sector, the few direct links concern rare renal diseases belonging to the same nephronophthisis, which belongs to the ciliopathies category, and medullary cystic 315 kidney disease, which belongs to the renal tubular diseases and metabolic diseases 316 category; each one these diseases points directly to the other. In fact, these two diseases 317 share similar morphological and clinical features (see, e.g., [32] ), thus explaining the 318 reciprocal direct links between them. We also observe that none of the Wikipedia 319 articles devoted to the pharmaceutical companies with the largest market capitalization 320 directly cite one of the rare renal diseases. This observation highlights the orphan status 321 of these diseases. The only direct link existing between pharmaceutical companies and 322 rare renal diseases is observed in connection with Fabry disease, which points toward 323 Shire the manufacturer of Replagal, a dedicated drug for Fabry disease [33] . Finally, the 324 G qr matrix component (Fig 5 bottom right panel) indicates indirect links, some of 325 which are purely hidden links since they do not appear in the G rr matrix component 326 (Fig 5 top right panel) . The G qr matrix component reveals many hidden links between 327 pharmaceutical companies which are certainly due to the complex economic Table 1 ) and the other 47 entries correspond to rare renal diseases (ordered by categories then by PageRank order inside each category, see Table 2 ). The first 34 × 34 block diagonal sub-matrix (purple square) corresponds to directed interactions between pharmaceutical companies. The other five smallest block diagonal sub-matrices correspond to directed interactions between rare renal diseases belonging to one of the five categories defined in Table 2 . The colors of the squares correspond to color categories given in Table 2 . For the sake of visibility horizontal and vertical white dashed lines are drawn after every 20 entries.
through the overall Wikipedia network contribute to these hidden links. E.g. [45, 46] . For Pfizer, the two company friends are GlaxoSmithKline and 381 We consider the first five pharmaceutical companies from the Wikipedia PageRank list: Pfizer, GSK, Bayer, J&J, and Novartis (see Table 1 ). Each one of these companies are represented by purple circles ( ) placed along the main grey circle (the grey circle with the largest radius). From these five most influential pharmaceuticals in Wikipedia, we determine the two best connected companies, i.e., for a pharmaceutical company ph, we determine the two companies ph 1 and ph 2 giving the highest (G rr + G qr ) ph1 or 2,ph values. If not already present in the network, we add these best connected companies along secondary circles centered on the previous companies. The newly added companies are represented by purple circles ( ). Also from the initial five pharmaceutical companies we determine the two best connected countries, i.e., for a company ph, we determine the two countries c 1 and c 2 giving the highest (G rr + G qr ) c1 or 2,ph values. From the newly added pharmaceutical of the first iteration, we determine the two best connected pharmaceutical companies and the two best connected countries. This constitutes the second iteration, an so on. At the fourth iteration of this process, no new pharmaceutical companies are added, and consequently the network construction process stops. The links obtained at the first iteration are represented by solid line arrows, at the second iteration by dashed line arrows, at the third iteration by dashed-dotted line arrows, and at the fourth iteration by dotted line arrows. Black color arrows correspond to links existing in the adjacency matrix (direct hyperlinks in Wikipedia), and red color arrows are purely hidden links absent from the adjacency matrix but present in G qr component of the reduced Google matrix G R . The obtained network is drawn with the Cytoscape software [44] . Countries are marked by their ISO 3166-1 alpha-2 codes. The construction algorithm is the same as the one used to generate Fig 6 excepting that we replace at each iteration the two best connected countries by the two best connected cancers. Pharmaceutical companies are represented by purple circles ( ) and cancers by green circles ( ).
The reduced network of interactions between the N ph = 34 pharmaceutical 389 companies and the N cr = 37 cancer types is shown in Fig 7. At each level, it shows the 390 two closest company friends and two cancer types. The construction rules are the same 391 as in Fig 6. The structure of the reduced network between pharmaceutical companies 392 remains the same as in Fig 6. The reduced network indicates the strongest links from a 393 company to the related types of cancer. We observe a clear polarization toward breast 394 cancer, since 10 of the 15 pharmaceutical companies preferentially point to breast 395 cancer, the Wikipedia article for which is the second most influential article among the 396 37 articles devoted to cancer types [20] . We also present the friendship network between companies and infectious diseases 431 studied in [19] 
495
We also present the sensitivity of pharmaceutical companies to cancers and rare renal 496 disease, respectively, in Fig S3 and Fig S4 in the Section Supplementary Information.
497
Discussion
498
We used the reduced Google matrix (REGOMAX) algorithm for an analysis of the 499 English Wikipedia network with more than 5 million articles. The analysis focused on 500 195 world countries, the 34 largest biotechnology and pharmaceutical companies, 47 rare 501 renal diseases and 37 types of cancer. The algorithm made it possible to construct the 502 reduced Google matrix of these entries, while also taking account of the direct and networks between companies and countries, companies and rare renal diseases, and 508 companies and cancers. The sensitivity of PageRank probabilities enabled us to identify 509 the influence in Wikipedia of specific companies on countries. This approach also 510 revealed the sensitivity of countries to specific rare renal diseases. We identified the 511 most influential pharmaceutical companies and showed that the top PageRank positions 512 are occupied by companies which are far from heading the market capitalization list. Franche-Comté region (APEX project).
524
Supplementary Information
525
In Fig S1 we present in the relative PageRank K r -CheiRank K * r indexes plane the set 526 of selected Wikipedia articles described in the Section Datasets. In Fig S2 we show the 527 friendship network of interactions between pharmaceutical companies and infectious 528 diseases studied in [19] . 529 We also show that the REGOMAX analysis allows us to determine the 530 inter-sensitivity of pharmaceutical companies to cancers and rare renal diseases. We 531 show the sensitivity of 34 pharmaceutical companies to 37 cancers and 47 rare renal 532 diseases (and vice versa) in Fig S3 and Fig S4 respectively . We note that the very 533 strong matrix element in Fig S4 (red square) between Shire and Fabry disease appears 534 due to the drug Replagal which is a treatment for this disease and is produced by Shire. 
